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Abstract—The vehicle motion signals is not able to be replicated 
using the simulation-based motion platform (SBMP) because of 
the workspace boundaries. The workspace limitations are 
determined based on the displacement, velocity and acceleration 
limitations of the actuators. The motion cueing algorithms (MCAs) 
are introduced to reproduce the motion sensation for the driver of 
the SBMP same as the real vehicle's driver while keeping the 
SBMP inside the actuators' limitations. The optimal MCA was 
developed to decrease the human motion sensation error between 
the real vehicle’s driver and the SBMP’s user based on the human 
vestibular system model using the linear quadratic regulator 
method. However, the inverse acceleration kinematics model of the 
SBMPs are not considered in developing optimal MCA to control 
the displacement, velocity and acceleration of actuators. The lack 
of inverse acceleration kinematics consideration inside the optimal 
MCA causes the poor consumption of the SBMP's workspace, as 
the optimal MCA only considers the boundaries of the SBMP in 
the Cartesian coordinate system. In this paper, the new optimal 
MCA based on the inverse acceleration kinematic solution of the 
SBMP is designed and developed to regenerate the more realistic 
motion sensation. The validation of the new optimal MCA is 
performed using Simulink/MATLAB. The outcomes demonstrate 
that using the new optimal MCA will reach a better motion 
sensation with less false motion signals in contrast with the existing 
optimal MCAs. 
 
Index Terms—optimal motion cueing algorithm, inverse 




SAGE of the simulation-based motion platforms (SBMPs) 
recently is growing dramatically in several aspects, such 
as medical, transportation, aviation, and automotive. They have 
lots of benefits, including the depletion of the damages, costs 
and time in both industrial and academical environments [1-3]. 
The motion signals from a real car is not able to be implemented 
directly to the SBMP due to the displacement, velocity and 
acceleration limitations of SBMP's active joints [4-6]. 
Moreover, the workspace of the SBMP decreases because of the 
collision between links and moving platform. The motion 
cueing algorithm (MCA) is utilised to reproduce the realistic 
motion sensation for the driver of a SBMP as same as real car’s 
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driver while respecting the actuators' limitations. The 
regenerated motion cues cannot be followed via the SBMP as 
the actuators can hit the boundaries, and it causes the motion 
sickness as the main disadvantage of the SBMP [7]. The motion 
sickness happens in SBMP due to impossibility to replicate 
precisely both physical and visual motion that can be sensed via 
a vestibular system and visual system, respectively. The 
position limitation of the actuators determines the workspace 
boundaries of the SBMP. Also, the velocity and acceleration 
boundaries of the actuators restrict the size of the motion signals 
that can be followed via the SBMP. 
The classical MCA introduced by Conrad and Schmidt [8, 9] 
as a first shape of the MCA, and it is consist of the high-pass 
and low-pass filters. The sustainable low-frequency part of the 
linear acceleration (LA) motion signal is reproduced via the tilt 
coordination channel using somatogravic illusion [10]. Casas et 
al. [11] used genetic algorithm to tune the fixed parameters of 
the classical MCA including cut-off frequency and damping 
ratio. But, the fixed parameters of classical MCA and no 
consideration of the human vestibular model [12-15] increases 
the human motion sensation error using classical MCA. These 
drawbacks cause the artefact and motion sickness for the user 
of the SBMP [7]. The optimal MCA is proposed to vanish the 
drawbacks of classical MCA using linear quadratic regulator 
(LQR) [16] technique with the deliberation of the human 
vestibular model. Kurosaki [17] exploited the control 
techniques to minimise the motion error based on LQR. But he 
did not consider the vestibular system model of the SBMP's 
user. Sturgeon [18] employed the LQR method to generate the 
optimal MCA for the aeroplane SBMP. Sivan et al. [19] and 
Reid and Nahon [20] proposed optimal MCA using LQR by 
considering the human vestibular system. They [19, 20] used 
the inaccurate control inputs, including the angular 
displacement and LA motion signals. Telban and Cardullo [15] 
found that the angular velocity (AV) and LA are the best control 
inputs to reach the best motion sensation between the real 
vehicle and SBMP users. Aminzadeh et al. [21] used the inverse 
velocity kinematics of the Hexapod platform in the optimal 
MCA to cogitate the position and velocity boundaries of the 
SBMP's actuators. The position limitations of the SBMP's 
actuators control directly, while the velocity limitations of the 
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SBMP's actuators control indirectly via the derivative of the 
actuators' positions. It should be noted that as Aminzadeh et al. 
[21] did not consider the acceleration limitations of the 
actuators, which are very critical for following the desired 
motion and regenerating realistic motion signals by the SBMP. 
Therefore, the proposed method by Aminzadeh et al. [21] 
increased the chance of exceeding the acceleration limitations 
of actuators when there is a high-speed motion signal. Also, 
they did not decouple the model, which increases the chance of 
infeasibility in solving the Riccati equation. Also, the tuning of 
the coupled model is more complicated than the decoupled 
model due to a large number of weighting parameters. Asadi et 
al. [22-24] have developed a new optimal MCA using an GA 
with adding the three compensatory units inside the LQR to be 
tuned based on GA and minimise the fitness function and 
maximise the motion fidelity. Pradipta and Sawodny [25] 
considered the active joints boundaries of a pneumatic Hexapod 
SBMP. Their algorithm uses an online optimisation algorithm 
to extract a optimum motion cues based on the actuators' 
limitations and the current position of the SBMP. The 
expensive computational load is the main drawback of their 
proposed method because of using online optimizer in real-time 
application. Later, Asadi et al. [26] designed the new robust 
optimal MCA based on GA with the deliberation of the SBMP's 
limitation within the Cartesian coordinate system of the 
manipulator as well as motion perception related factors such 
as motion threshold, sensation error fluctuations and sensation 
shape following. Ellensohn et al. [27] considered the 
displacement, velocity and acceleration limitations of the 
actuators in calculation of the optimum motion signal for the 
SBMP using the prediction model and the direct kinematics 
model. The expensive computational load is the main 
disadvantage of their algorithm because there is not an 
analytical solution for direct kinematic solution of the parallel 
manipulator. Also, the size of the matrix increases dramatically 
with consideration of the prediction model in real-time 
application. 
All previous studies [15, 17-20, 22-24, 26] on optimal MCAs 
consider the boundaries of the SBMPs in the Cartesian 
coordinate system (as cubic box) instead of the displacement, 
velocity and acceleration boundaries of the actuators. The 
consideration of the SBMP's workspace boundaries in the 
Cartesian coordinate system leads to the poor consumption of 
the workspace. As the SBMP normally faces large and fast 
motion signals including AV and LA, the acceleration 
limitations of the SBMP's actuators are important in order to 
regenerate the accurate motion signal for the SBMP's driver. 
Also, Pradipta and Sawodny [25] and Ellensohn et al. [27] 
considered the actuator limitations of the SBMP, but the 
computational burden of their proposed algorithm is high for 
real-time applications. 
In this study, a new optimal MCA is proposed to deal with 
the displacement, velocity and acceleration boundaries of the 
Hexapod's actuators. The Hexapod platform is chosen for this 
research because it is the most applicable and cost-effective 
SBMP to generate motion in six degrees of freedom (6-DoF). 
In addition, it has high play load and can produce high-
frequency accelerations. The complete inverse kinematic 
solution of the Hexapod platform is investigated in order to find 
the displacement, velocity and acceleration of the active joints 
based on the displacement, velocity and acceleration of the 
moving platform. Then, the inverse acceleration kinematic 
solution of the Hexapod platform is used in the new optimal 
MCA to directly control the position and velocity boundaries of 
the Hexapod's actuators, and indirectly control the acceleration 
boundaries of the Hexapod's actuators via the derivative of the 
Hexapod's actuators velocity states. Then, the main objective of 
the paper is to cogitate the displacement, velocity and 
acceleration boundaries of the Hexapod actuators in the new 
optimal MCA. The new optimal MCA with the deliberation of 
the inverse kinematic solution can consider the displacement, 
velocity and acceleration limitations of the Hexapod's actuator. 
Then, the proposed method uses the workspace boundaries 
wisely to produce a more accurate motion signal for the SBMP's 
driver compared with the real vehicle's driver. Also, the 
proposed method has a very low computational load because it 
is extracted offline and employed in MCA as filters. 
The inverse displacement, velocity and acceleration 
kinematic solution of the Hexapod platform are mentioned 
briefly in Section II. Also, the mathematical model of the 
human vestibular system is explained in Section III. The newly 
proposed optimal based on LQR using the inverse acceleration 
kinematic solution is described in Section IV. The new optimal 
MCA has been modelled in MATLAB/Simulink using the 
Hexapod SimMechanic model. The results of the new optimal 
MCA are contrasted and discussed with classical MCA and 
existing optimal MCA in Section V. The concluding remarks 
are illustrated in Section VI. 
II. HEXAPOD PARALLEL-BASED SBMP 
A Gough–Stewart platform known as the Hexapod platform 
is the common categories of the parallel manipulator that 
consists of six prismatic actuators, six passive universal joints 
and six passive spherical joints [4, 28]. The passive universal 
joints connect the lower pods to the fixed plate, and the passive 
spherical joints attached the upper pods to the moving platform. 
The prismatic actuators are used to extract or shrink the lower 
pods from the upper pods. The moving platform generates the 
translational and rotational motions in the 6-DoF based on the 
motion of the pods. 
The inverse kinematic solution of the platform is defined as 
a extraction of the displacement, velocity and acceleration of 
the actuators with consideration of the displacement, velocity 
and acceleration of the moving platform centre. Fig. 1 shows 
the kinematic chain of the Hexapod platform.  
The length vector of the ith actuator can be found as: 
+ = +          = 1 − 6 (1) 
where  and  are the lower passive joints position vector and 
the upper passive joints position vector of the ith pod, 
respectively. Also,   is the position vector of the moving 
platform with reference to the world frame { }shown.  in 
the world frame can be obtained as: 
=  (2) 
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where  and  are the position vectors of the ith Hexapod's 
upper joints in the moving platform frame { } and the rotation 
matrix of the moving platform along with roll-, pitch- and yaw-
angle, respectively. 
Also, the length vector of the ith actuator can be obtained as 
= , where  is the length of the pod and  is the unit 
vector along with the ith actuator, then Eq. (1) can be 
reformulated as: 
= + −  (3) 
The velocity of the ith pod ̇  can be extracted by taking the 
derivative of Eq. (3) and doting the results with  as: 
̇ = ̇ ∙ + ∙ ×  (4) 
where ̇  is the translational velocity of the moving platform 
centre and  is the rotational velocity of the moving platform 
centre. 




̇  (5) 
where ×  is the inverse velocity Jacobian matrix, and it 






The inverse acceleration kinematics can be expressed by 




̈ + ̇  (7) 
where ̈  is the translational accelerations of the moving 
platform and  is the rotational accelerations of the moving 
platform with reference to world frame.  is the derivative of 
the inverse velocity Jacobian matrix and can be found based on 
the work of Merlet [4]. 
According to Eq. (7), the acceleration of the pods can be 
calculated via the rotational and translational acceleration and 
velocity of the moving platform. Additionally, the rotational 
acceleration of the moving platform has a deniable effect on the 
pod acceleration. Consequently,  is substituted with zero 
vector, and the acceleration of the pod can be revealed via the 
translational acceleration, translational velocity and rotational 
velocity of the moving platform. 
III. HUMAN VESTIBULAR SYSTEM 
The information of the environment is sensed by the human 
motion perceptual system. The human vestibular system is the 
main sensor of the human motion perceptual system for the 
sensation of the translational and rotation motion and balances 
the postural stability of the body. It is located inside the inner 
ears and composes of the semicircular canals and otolith organs 
[12-15]. The sensed specific force via the otolith organs can be 
calculated by vectorial subtraction of the LA signal and gravity. 
Then, the sensed specific force along three axis in the centre of 
the SBMP's seat can be found as [22]: 
≜ ̈ +
≜ ̈ −
≜ ̈ −    
 (8) 
where  and  are the pitch-angle, roll-angle on the world 
frame { } and  is the gravity acceleration. It should be noted 
in Eq. (8), the large tilt angles are not anticipated in the 
reconstructed motion trajectory. Then, the new optimal MCA is 
for an SBMP with less than 15 degrees rotation in the moving 
platform. 
The mathematical model of the otolith organs which is used 
in this study is based on the conducted work by Telban and 
Cardullo [15] and Asadi et al. [12] follows: 
= ′ ( )( )( ) (9) 
where  and  are the sensed specific force via the user and the 
applied force, respectively. Also, ′ , ,  and  are the 
constant parameters of the otolith model that can be found in 
[12, 15]. = 0.17 /  is the linear acceleration threshold 
unit. The state space form of Otolith is as follows: 
̇ = +  (10.a) 
f = +  (10.b) 
where , ,  and  are matrices of otolith 
organs referencing to the transfer function in Eq. (9) along the 
longitudinal channel. Based on the work by Telban and 
Cardullo [15], the best input vector of the longitudinal channel 
is the pitch velocity and LA motion signal. The same 
methodology should be taken to extract the state space model 
along lateral and heave channels. 
It is worth mentioning that the AV motion signal is utilised 
as an input to the new optimal MCA. Also, the best transfer 
function model of the semicircular canals studied by Telban and 
Cardullo [15] and Asadi et al. [13] is used in this research as 
below: 
= ( )
( )( )( )
 (11) 
where , ,  and  are the constant parameters of the 
semicircular model that can be found in [15]. Also, =
3 °/  is the AV threshold unit. Also, ω and ω are the sensed 
AV and applied AV, respectively. Then, the semicircular 
canals’ state space model can be expressed as: 
̇ = +  (12.a) 
ω = +  (12.b) 
Fig. 1.  The structure of the Hexapod platform.  
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where , ,  and  are matrices of semicircular 
canals, according to Eq. (11). The mathematical model of the 
human vestibular system can be calculated by the mixture of 
Eq. (10) and Eq. (12) as: 
̇ = +  (13.a) 
= +  (13.b) 
where , ,  and  are the state space matrices of a human 
vestibular model as: 
= , = , = ,
=  (14) 
Also,  and  are the input vector and sensed response of 
the whole vestibular model consists of AV and LA in the 
longitudinal channel as below: 
= ̇ , ̈ , = ̇ , ̈  (15) 
 and  in the lateral channel are as follow: 
= ̇ , ̈ , = ̇ , ̈  (16) 
and in heave channel as: 
= ̈ , = ̈  (17) 
and in yaw channel as: 
= ̇ , = ̇  (18) 
The human vestibular model is used in developing the 
existing and new optimal MCAs. The human vestibular system 
is decoupled in the longitudinal, lateral, heave, and yaw 
channels because of the simplicity and feasibility of the LQR 
method to solve the Riccati equation.  
IV. A NEW OPTIMAL MCA 
According to Fig. 2.a, the objective of the optimal MCA is to 
ascertain a matrix of the linear transfer function called W(s) can 
relate the SBMP motion input  to the actual driving motion 
input  as: 
( ) = ( ) × ( ) (19) 
The control inputs (AV and LA) are applied to the SBMP to 
reproduce the desired motion base command. The optimal 
MCA calculate the AV and LA by minimising the human 
sensation error between the SBMP's driver and the real vehicle's 
driver within the displacement, velocity and acceleration 
constraints of the SBMP's actuators. 
The block diagram structure of the optimal MCA is shown in 
Fig. 2.b. The three transfer functions are shown as ,  
and  are be extracted using Eq. (19) to filter the motion 
signal in rotational, tilt and translational channels, respectively. 
̈  and ̇  are the vehicle AV and LA, respectively. The input 
signals should be scaled and limited to be within the SBMP's 
limitations. The double integration and the single integration 
are added in the AV and LA signals to extract the angular and 
linear position of the platform centre point. 
According to Fig. 2.a, the same human vestibular model, 
which is extracted in Eq. (13) will be applied for both users of 
the SBMP and the real vehicle. Then, the human sensation error 
 can be found as: 
̇ = + −  (20.a) 
= + −  (20.b) 
where,  is the vestibular state error between the users of the 
real vehicle and SBMP, and it is calculated as = − . 
Also,  and  are the vestibular state of the SBMP and real 
vehicle users, respectively. 
The real vehicle input should be added to the state space 
model as a colour noise that is acquired by the white noise to 
convert the model to an LQR equation [19]. 
̇ = +  (21.a) 
=  (21.b) 
where,  and  are the filtered white noise states and white 
noise, respectively.  and  are chosen to extract the filtered 
white noise based on the work by Telban and Cardullo [15]. 
All the SBMPs have their own restriction based on the 
displacement, velocity and acceleration boundaries of the active 
joints. Then, the regenerated motion signals should respect the 
displacement, velocity and acceleration boundaries of the 
actuators. The existing optimal MCA such as the LQR-based 
optimal MCA introduced by Telban and Cardullo [15] cogitated 
the boundaries of the SBMP in the Cartesian coordinate system 
of the manipulators instead of the actuators. This simplified 
hypothesis leads to the poor consumption of the workspace. 
Then, the extracted inverse acceleration kinematic solution in 
Eq. (7) will be added inside the model to control the 
displacement, velocity and acceleration boundaries of the active 
joints, which are critical for the best consumption of the 
workspace limitations. Therefore, the control algorithm 
considers the LA, velocity and displacement of the pods instead 
of the angular and linear positions of the moving platform.  
Then,  is involved inside the state space equation as: 
̇ = +  (22) 




















Fig. 2.  The LQR-based optimal MCA (a) the structure; (b) the block diagram 























, = [ ̇ ̇ ⋯ ̇ ⋯ ]  (23.c) 
The derivation of the lateral channel is like the longitudinal 
channel by substituting the second column of the inverse 
Jacobian derivative matrix for the first column of the inverse 
Jacobian derivative matrix in  matrix. Also, the fourth 
column and the second column of the inverse Jacobian 
derivative and inverse Jacobian matrices are substituted for the 
fifth column and the first column of the inverse Jacobian 
derivative and inverse Jacobian matrices, respectively. 
The derivation for the heave and yaw channels are similar, 


























, = [ ̇ ̇ ⋯ ̇ ⋯ ]  (24.c) 
and, they are for the yaw channel as: 






, = [ ̇ ⋯ ̇ ⋯ ]  (25.c) 
The conventional LQR-based optimal MCA's derivation 
state equation are discussed in [17, 19, 20, 22, 23, 26, 29] 
according to the boundaries of the SBMPs in the Cartesian 
coordinate system of the manipulators. 
Decoupling the human vestibular model to the four specific 
channels, including longitudinal, lateral, heave and yaw, will 
increase the error of the actuators' position [30]. Because the 
actuators' positions have a direct relation with the configuration 
of the platform which the combination of the four channels. 
But, the decoupling of the human vestibular model is necessary 
to reduce the size of the matrices in the Riccati equation and 
reach the feasible results. Then, this concern can be handled 
easily by the implementation of the 5-10% extra safety margin 
to the positions, velocities and accelerations limitations of the 
pods. Also, this assumption reduces the computational load of 
the LQR for real-time implementation in the future study. 
Finally, the combination of Eq. (20), (21) and (22) results in the 
final state equation as: 
̇ = + +  (26.a) 
= [ ] = +  (26.b) 
where 
= [ ] , =
−
, = , =
, = − , =  (27) 
The LQR problem is employed to solve the cost function, 
which is defined as: 
= ∫ + +  (28) 
where  represents the weight of the sensed specific force and 
sensed AV, and  shows the weight of the extra terms  
including pods' positions, velocities and accelerations as 
positive semidefinite matrices and  are used to penalise the 
input signals including AV and LA signals as a positive definite 
matrix. The Riccati equation is employed to solve the cost 
function in Eq. (28), then the final transfer function shown in 
Eq. (19) can be extracted by taking the same methodology as 
Telban and Cardullo [15]. 
The performance limitations of the Hexapod platform are 
shown in Table I. The weighting matrices of Eq. (28) should be 
tuned to have the more efficient consumption of the workspace. 
This is shown in Table I, which means respecting the workspace 
limitations while reducing the perceptual error for the SBMP' 
driver compared with the real vehicle's driver. Then, the 
weighting matrices are found by trial-and-error based on the 
knowledge of the experts which are shown in Table II. 
V. RESULTS AND DISCUSSIONS  
The classical MCA is based on the proposed model by 
Conrad and Schmidt [8], and the existing optimal MCA is based 
on the work by Telban and Cardullo [15] are designed and 
developed to compare with the new optimal MCA using 
Hexapod SBMP. Fig. 3 illustrates the whole proposed model in 
Simulink environment of MATLAB software. The model 
consists of the MCA unit to regenerate the motion signals for 
the Hexapod SBMP based on the classical MCA (introduced by 
Conrad and Schmidt [8]), existing optimal MCA (introduced by 
Telban and Cardullo [15]) and new optimal MCA are proposed 
in Section IV. The regenerated motion signals using three 
models are utilized in the "Leg Trajectory" unit to calculate the 
length of the pods based on the configuration of the end-
effector. Eq. (4) in Section II is modelled in this unit to calculate 
the actual position of the pods. A PID controller is employed to 
configure the end-effector based on the desired positions of the 
pods, the actual positions of the pods and the velocity feedbacks 
of the pods. The controller outputs are the desired force of the 
actuators. Also, a SimMechanic model of the hexapod SBMP is 
designed based on the geometrical (such as dimensions) and 
dynamical (such as inertia) parameters of the Hexapod 
TABLE I 
THE PERFORMANCE LIMITATION OF THE HEXAPOD SBMP 





(m/s2 or deg/s2) 
li 0.7 to 1.35 ±0.4 ±1.25 
x-axis ±0.1 ±15 ±35 
y-axis ±0.1 ±10 ±25 
z-axis ±0.01 ±10 ±25 
roll-angle ±10 ±135 ±2000 
pitch-angle ±10 ±135 ±2500 
yaw-angle ±10 ±135 ±3000 
deg: degree; m: meter; s: second; 
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manipulator. These parameters are shown in the Appendix. In 
order to evaluate the proposed optimal MCA against classical 
and existing optimal MCAs, the step signal is applied to the 
models as a sudden acceleration signal. The results are shown 
in Fig. 4.a-d. Fig. 4.a shows that the maximum linear 
displacement of the proposed optimal MCA is 0.1419 meters, 
while the maximum linear displacement of the existing optimal 
and classical MCAs are 0.99 and 0.053 meters, respectively. It 
proves that the proposed optimal MCAs can use more linear 
displacement area of the workspace as it is able to consider the 
active joints limitations of the SBMP instead of cubic box 
consideration of the workspace area. The better usage of the 
linear workspace of the SBMP causes the better regeneration of 
the high-frequency part of the linear acceleration signal which 
is obvious based on the results of Fig. 4.d at 5 seconds of the 
step motion signal. Also, the proposed optimal MCA is able to 
use angular displacement of the end-effector more efficiently 
compared with the existing optimal and classical MCA, which 
is shown in Fig. 4.b. Based on Fig. 4.c, all three methods reach 
the error of sensed angular velocity under the human threshold 
unit of semicircular canals. Besides, the better regeneration of 
the sensed specific force for the user of the SBMP is as close as 
the real vehicle driver using the proposed optimal MCA 
compared with the existing optimal and classical MCAs (Fig. 
4.d). 
The software called Rigs of Rods (version 0.39.5) soft body 
physics engine is employed in this research to capture the 
motion signals. The vehicle started to move at time t=0 (s), 
turned the edge of the road at time t=10 (s) and stopped at time 
t=25 (s) (Fig. 5.a). Fig. 5.b-c shows the translational and 
rotational motion signals captured with Rigs of Rods, 
respectively. It should be noted that the 0.2 scaling factor is 
employed for the translational motion signal in order to respect 
the SBMP's limitations. To directly compare simulation results, 
the same scale factors are used for three investigated methods 
[31, 32]. 
Fig. 6.a-c represents the sensed AV for the driver of the real 
vehicle shown as actual and the driver of the SBMP using 
classical MCA, existing optimal MCA and new optimal MCA 
along with pitch-, roll- and yaw-angle, respectively. It is shown 
that the existing optimal MCA and new optimal MCA follow 
the actual angular motion sensation signal better than the 
classical MCA because they consider the human vestibular 
model and minimise the motion sensation error. Asadi et al. 
[26] used the correlation coefficient (CC) to show the shape 
similarity of the motion sensation signal between the real 
vehicle’s driver and the SBMP’s driver. CC can vary between 
0-1 and higher value means that the shape of the SBMP’s user 
motion sensation signal and the real driver motion sensation 
signal are close to each other. The higher CC of the angular 




THE TUNING PARAMETERS OF THE NEW OPTIMAL AND EXISTING OPTIMAL 
MCAS. 
Index Longitudinal Lateral Yaw Heave EX PR EX PR EX PR EX PR 
Q(1,1) 4×103 4×103 4×103 4×103 4×103 4×103 4×103 4×103 
Q(2,2) 1 1 1 1 NA NA NA NA 
Rd(1,1) 8 2 8 2 10-1 1 10-1 10-6 
Rd(2,2) 9×105 2×105 7×105 2×105 10-1 3×106 5×106 10-4 
Rd(3,3) 1 103 1 103 NA 104 1 10-6 
Rd(4,4) 106 10 106 10 NA 102 NA 10-6 
R(1,1) 1 1 1 1 1 1 1 1 
R(2,2) 1 1 1 1 1 1 1 1 
EX: Existing; PR: Proposed; NA: Not Any; Q(1,1): Weight of sensed AV; 
Q(2,2): Weight of sensed specific force; Rd(1,1): Weight of the moving 
platform displacement integral for the existing optimal control and the moving 
platform displacement velocity for the proposed optimal control; Rd(2,2): 
Weight of the moving platform linear displacement for the existing optimal 
control and the pod displacement for the proposed optimal control; Rd(3,3): 
Weight of the moving platform displacement velocity for the existing optimal 
control and the pod velocity for the proposed optimal control; Rd(4,4): Weight 
of the moving platform angular displacement for the existing optimal control 
and the pod acceleration for the proposed optimal control; R(1,1): Weight of 
the AV input signal; R(2,2): Weight of the LA input signal. 
 Fig. 4.  The implementation of the step signal using proposed optimal, existing 
optimal and classical MCAs: (a) linear displacement along x-axis; (b) angular 
displacement along pitch-angle; (c) sensed AV along pitch-angle using actual 
driver and SBMP’s user; (d) sensed specific force along x-axis using actual 
driver and SBMP’s user. 
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motion sensation using both existing optimal MCA and new 
optimal MCA are shown in Table III in contrast with the 
classical MCA along three rotational channels. The real 
vehicle’s driver and SBMP’s user sensed specific force along 
x-, y- and z-axis using classical, existing optimal and new 
optimal MCAs are demonstrated in Fig. 6.d-f, respectively. The 
consideration of the inverse acceleration kinematic solution in 
the LQR method enhances the wise consumption of the 
workspace and generates more realistic motion signals 
compared with the classical and existing optimal MCAs. The 
CC of the sensed specific force using proposed optimal MCA 
increase 37, 22 and 75 percent compared with classical MCA 
along longitudinal, lateral and heave channels.  Also, the CC of 
the sensed specific force using proposed optimal MCA increase 
1.3, 0.9 and 86 percent compared with the existing optimal 
MCA along longitudinal, lateral and heave channels. 
Fig. 7.a-c represents the angular motion sensation error 
between the real vehicle's driver and the SBMP's driver using 
the classical MCA, existing optimal MCA and the new optimal 
MCA. The angular human motion sensation using both existing 
optimal MCA and new optimal MCA is below the human 
threshold based on Fig. 7.a-c along three rotational channels. In 
addition, Fig. 7.d-f illustrates the translational motion sensation 
error between the real vehicle's driver and the SBMP's driver 
using the classical MCA, existing optimal MCA and the new 
optimal MCA. As the displacement, velocity and acceleration 
boundaries of the Hexapod's active joints are considered in the 
new optimal MCA; the new method is able to use the workspace 
more efficiently in contrast with classical MCA and the existing 
optimal MCA. The second method to validate the improvement 
of the new method is a root mean square error (RMSE) which 
presents the motion sensation error between the real vehicle's 
driver and the SBMP's driver. The RMSE of the translational 
motion sensation using the new optimal MCA enhances 38, 30 
and 10 percent compared with the classical MCA. Also, The 
RMSE of the translational motion sensation using the new 
optimal MCA enhances 13, 17 and 17 percent compared with 
the existing optimal MCA. 
As RMSE and CC are used to validate the improvement of 
the new optimal MCA compared with classical MCA and 
existing optimal MCA, the results are represented in Table III. 
The second and third columns of Table III refer to the RMSE 





THE RESULT OF THE CLASSICAL, EXISTING OPTIMAL AND PROPOSED 
OPTIMAL MCAS 
Index RMSE CC CL EX PR CL EX PR 
OTO ax 0.6092 0.4292 0.3755 0.6595 0.8915 0.9032 
OTO ay 0.3906 0.3264 0.2715 0.7571 0.9135 0.9219 
OTO az 0.0927 0.1014 0.0834 0.0032 0.0030 0.0056 
SCC θ’ 0.0370 0.0175 0.0183 0.6960 0.9113 0.9178 
SCC Φ’ 0.0325 0.0157 0.0106 0.8658 0.9863 0.9871 
SCC ψ’ 0.1953 0.1579 0.1672 0.4183 0.7673 0.7216 
CC: Correlation Coefficient; CL: Classical; EX: Existing; OTO: Otolith Organ; 
PR: Proposed; RMSE: Root Mean Square Error; SCC: Semicircular System. 
 Fig. 6.  The sensed AV and specific force for the classical MCA, existing 
optimal and proposed optimal MCAs along: (a) pitch-angle; (b) roll-angle; (c) 
yaw-angle; (d) x-axis; (e) y-axis; (e) z-axis. 
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and CC of the human motion sensation error between the real 
vehicle's driver and the SBMP's driver. 
The ideal aim of the MCA is the regeneration of the realistic 
motions via the efficient usage of the workspace. As the 
existing optimal MCAs shown the conservative an insufficient 
usage of the workspace, the proposed optimal MCA aims to use 
the workspace more efficiently while considering the 
displacement, velocity and acceleration boundaries of the 
actuators. Fig. 8.a-f shows the SBMP rotational and 
translational displacement in x-, y- and z-directions for the 
classical MCA, existing optimal and proposed MCAs. The new 
optimal MCA moves more efficiently compared with the 
classical MCA and the existing optimal MCA due to the 
structure of the new optimal MCA. Fig. 8.a-c shows the 
consumption of the workspace in the translational direction 
along x-, y- and z-axis. The maximum translational 
displacement of the classical MCA, existing and new optimal 
MCAs are 0.1, 0.18, 0.18 and 0.27 meter along the x-axis. Also, 
Fig 7.d-f shows the rotational displacement of the Hexapod 
SBMP with fourth MCAs. 
Fig. 9.a-f shows the displacement, velocity and acceleration 
boundaries of the Hexapod platform during the motion 
scenario. It is shown that the actuators' positions for the new 
optimal MCA are within the limitations of the Hexapod 
platform, while the linear motion of the platform is more than 
the classical and existing optimal MCAs. It should be noted that 
one of the main advantages of the proposed optimal MCA is its 
fast response similar to the classical and existing MCAs 
because it uses offline LQR optimization to extract the higher 
order high- and low-pass filters to work along the translational, 
tilt coordination and rotational channels. Therefore, it is a 
suitable washout filter for the real time applications. It should 
be noted that the computational time of the three investigated 
MCAs including proposed optimal, existing optimal and 
classical MCAs with implementation of the 30 seconds motion 
scenario (shown in Fig. 5) are 3.266752, 4.963839 and 
0.739965 seconds using PC with following feature as: Intel(R) 
Core(TM) i7-9700K CPU @ 3.60GHz   3.60 GHz). 
According to the obtained results, the new optimal MCA 
regenerates the more accurate motion signals with higher 
 Fig. 7.  The error of sensed AV and specific force for the classical MCA, 
existing optimal and proposed optimal MCAs along: (a) pitch-angle; (b) roll-
angle; (c) yaw-angle; (d) x-axis; (e) y-axis; (e) z-axis. 
    Fig. 8.  The linear and angular displacement usage of the workspace boundaries
between the classical MCA, the existing optimal and proposed optimal MCAs: 
(a) x-axis; (b) y-axis; (c) z-axis; (d) roll-angle; (e) pitch-angle; (f) yaw-angle. 
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fidelity because of the cogitation of the inverse acceleration 
kinematic solution of the Hexapod platform. It keeps the 
displacement, velocity and acceleration boundaries of the 
Hexapod's actuators inside the boundaries for more efficient 
consumption of the workspace. Finally, the motion sensation 
error reduces using the new MCA between the real vehicle's 
driver and the SBMP's driver. 
VI. CONCLUSION 
The motion signals can be regenerated in the SBMP with 
limited workspace area using MCA. The classical MCA is 
introduced to filter the motion signals than can be regenerated 
inside the limited workspace of the SBMP. Unfortunately, the 
classical MCA does not consider the human vestibular model 
then the regeneration of the high reliable motion signals is not 
possible. The LQR-based optimal MCA is introduced to extract 
the higher-order transfer function to filter the motion signals 
with cogitation of the human vestibular model and aiming to 
minimise the motion sensation error for the SBMP's compared 
with the real vehicle's driver. Unlikely, the existing optimal 
MCA only cogitate the boundaries of the SBMP in the 
Cartesian coordinate system instead of the actuators' 
limitations. In this study, the new optimal MCA is designed to 
consider the displacement, velocity and acceleration limitations 
of the SBMP's actuators. The 6-DoF Hexapod platform is 
developed using SimMechanic/MATLAB software as a most 
common SBMP. The inverse acceleration kinematic solution is 
solved and employed inside the LQR method. Then, the Riccati 
equation is solved with the deliberation of the actuators' 
boundaries, and the extracted higher-order transfer function 
respects the actuators' limitations of the Hexapod platform. 
Finally, the model is tested using the recorded motion scenario 
via Rigs of Rod software, and the results prove the efficiency 
of the new optimal MCA compared with the classical MCA and 
existing optimal MCA. The compatibility of the proposed 
method can be investigated for another parallel manipulator 
such as Hexarot platform [33, 34]. 
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